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Survey on Cost-sensitive Deep Learning Methods
WU Yuxi WANG Jun-li YANG Li YU Miao-miao
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Abstract Cost-sensitive learning method can effectively alleviate the problem of data imbalance in classification tasks

and has been successfully applied to various traditional machine learning techniques. With the continuous development of
deep learning technology,cost-sensitive method has become a research hotspot again. The combination of deep learning
with cost-sensitive methods can not only breaks through the limitations of traditional machine learning technology, but
also improve the data sensitivity and classification accuracy of the model,especially when there is a certain imbalance in
the data. However, how to effectively combine the above two factors has become the focus and difficulty of the research.
From the aspects of network structure,loss function and training method, researchers have improved the performance of
the deep learning model combined with cost-sensitive method. In this paper,the development of the combination of deep
learning and cost-sensitive method was described in detail , several innovative models were analyzed and the classification
performance of these model was compared. Finally, the development trend of combination of deep learning and cost-sen-
sitive method was discussed.
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Fig.2 Structure of CSDNN model
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Fig. 3 Structure of AuxIT model
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14 [CERO)
E(Oytp):M;l(d Vo (10)

o, 0 E WA B 1 SH RS AUE w FIRE 0), ¢ ZCH
250, M AR ZRREAR 1 BB, 0 2 I 45 11 B B8 3 1, !
SRS SE R . LCx ) SRR R R B, T LLR B 2
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2, 85 J2 28 XU (Cross-Entropy, CED #1422 %1 i T 0 faf
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2 3P YA B 2R pR R

Table 2 Three different cost-sensitive loss functions
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Zs(d;” )exp(ofl') )
k
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BB EA T RSB % T Raj 5515 A 145 50800
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Table 3 Gradient calculation expressions of three loss functions

1 % derivative
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Fig. 4 Average test cost curves for different networks

(CIFAR-10;,, dataset)
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Fig. 6 Average test cost curves for different networks
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T4 TR £ Y HERE LB (MINIST $di 42)
Table 4 Accuracy comparison of different networks

(MNIST dataset)

CHLAY . %)
R S Baseline CoSen
HHEEEFBHERE LIRS 10% 97.6 98.5
HMHBEEFF LD LRSS 10% 97.1 98.3
HHEEETBHEB IR 259 98.1 98.9
MHEBEEFFLB LD 25% 97.8 98.5

5 TR R0 2% A4 oE B R L B8 (CTFAR-100 B4 48

Table 5 Accuracy comparison of different networks
(CIFAR-100 dataset)

CRLAE s 26D
IR & Baseline CoSen
W HoHE P B AR D 10% 55.0 60. 1
KBEEEFFHI LMD 100 53.8 59.7
BB R T EEB LMD 250 57.7 61.5
BHEEEFHFHB LMD 250 57.4 61.6

ATLLE YL X T MINIST #4622 8 18 2036 b i B8 % 5
FIB A% iy Ol T 4 (9 S0 06 AR . B BN AR S - £ 0 1S, A5
U118 3SR T R4, U B A% A i 4% AR o b i R 54 S SF- A5 1)
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Ml Caltech-101 $dR 4 F IR 45 R 3K 6 MR 7 g, H
o, MIT-67 J&—/NL & 15620 3K B A A 809 48 . S 2 o 67
% ;Caltech-101 &2 —/N L& 9144 3K 18 F B KOs 4, 29 2 K
102 2%, XHAHEEM R THEFR, HLHERBER
iR 1.

MIT-67 %454 (9 A -4 B 295 7, Caltech-101 40 4 19
ARG EEL R 26 A T A BUS B CNN 7E 73 K i % |
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X E 3 AR HERS AL TT DL Y, X6 T 45 0 A O TR B R
P25 1 4% , CSDNN #5284 fy B30 Jr o SE N T 484, HE A 26k
PR . 3 I A TN SR B B i A A 1040 SRR L R
TE— R LR TR A AR . {H 2, CSDNN £ A H g 6%
FH G5 40 B — 11 4 388 02 I 4%, 214 I 4% 465 ) 2 o 02 24 (0 4 A
P2 M £ CNN 45D B, fff 88 38 B Y AuxIT AE 2838 S 45
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FLL PRI i B CoSen CNN L7 v 2 (14 5] 25 1 45 14
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PREAL A B TEAER . MOk RIE VI ZRAY 75 1% 9 2% 45 44
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Table 6 Comparison of accuracy of different networks
(Caltech-101 dataset)
CHLAT: 0D

AR E Baseline CoSen
A5 HAE 4 60 %6540 % X 4 88.1 89.2
H oA EFBHEB 2RSS 10% 77.4 83.0
HHAEE T F LB 100 76. 1 82.2
A5 HAE 4 30 %6270 % X 85.5 87.9
H oA EFBHEB RS 10% 74.6 80.3
HHEEFTHFHEB LMD 10% 75.2 80.9

T IR 4% B R LR (MIT-67 04 40
Table 7 Accuracy comparison of different networks

(MIT-67 dataset)
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BHBEEFFUAB 2RSS 109 37.2 43.5
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